ABSTRACT Proactively pushing content to users is a promising way of coping with the explosively growing traffic demand of next-generation mobile networks. However, it is unclear whether content pushing can improve the energy efficiency of delay-constrained wireless communication systems over fading channels. With pushing, the energy consumption can be reduced due to the extended transmission time duration. But if the user never needs the pushed content, pushing may lead to wasted energy. Based on the random content request delay, this paper derives the user request probability thresholds that determine whether a content file should be pushed under two different quality-of-service requirements, namely, average delay and delay-outage constraints. Moreover, optimal strategies to allocate transmission power in content pushing and on-demand delivery stages are also proposed. It is shown that the energy efficiency of systems with pushing can be significantly improved as the content request probability increases. Numerical results validate the effectiveness of the proposed power allocation strategies for different delay constraints, compared with the corresponding on-demand schemes.
I. INTRODUCTION
The rapidly growing popularity of mobile devices and multimedia applications has stimulated the ever-increasing demand for wireless data services. Nowadays, more and more people are accessing multimedia content via various wireless terminals, which places a heavy burden on mobile networks. Although significant effort has been devoted to improving the capacity of wireless links, traditional mobile networks can still hardly cope with the exponential growth in traffic demand, due to radio spectrum limitations. As a promising solution for 5G networks, proactive pushing and caching, which can potentially boost the system capacity by exploiting the idle spectrum during off-peak times, have attracted considerable recent attention from both academia and industry [1] - [6] .
Owing to the fact that only a few popular content items are frequently accessed by a large number of users, pushing and caching hold the promise of reducing the content access latency and outage probability as well as improving the throughput of networks [7] - [12] . In [7] , a multimedia content delivery scheme was conceived for a wireless converged network, through which the average downloading time of content items is significantly reduced. It was shown in [8] that caching may contribute to a low outage probability in Device-to-Device (D2D) networks. In [9] and [10] , optimal pushing and caching policies were proposed to maximize the effective throughput based on the content request delay information. Then, this work was extended to the multicasting channel in [11] , where it is shown that the capacity of a multiuser network is increased by content pushing. In particular, recent experimental results in [12] have validated the performance of caching for 5G networks. However, pushing and caching may cause wasted energy as the price to be paid for potential capacity gain and low access latency, if the pushed content is not required by users. Therefore, energy efficiency becomes an issue of interest in push-based networks.
To fully utilize energy for transmission, there are several works devoted to the energy efficiency of push-based networks [13] - [16] . In [13] , the energy consumption was minimized for video-on-demand services by pre-caching the popular content. Caching for wireless access networks was designed in [14] to maximize the energy efficiency through offloading data traffic and reducing backhaul cost. By exploiting cache-enabled relays and user devices, the energy efficiency of wireless heterogeneous networks was improved in [15] , where the power consumption is only considered for the content delivery after the user requests it. Focusing on the content placement before the user request, Yao et al. [16] proposed a transmission strategy to minimize the pre-downloading energy consumption of content items. In these works, delay constraints have not been incorporated into the energy efficiency analysis of systems with pushing.
In push-based networks, users are capable of accessing the content files with zero delay if the required content items have been cached in the local storage. However, if a content item is being pushed when requested, the delivery of the remaining part of this content file should be completed to meet the user's Quality-of-Service (QoS) requirements, especially for realtime services.
QoS assurance, in which delay is upper bounded, is another major concern for next-generation mobile networks [17] . The hard delay provisioning, which limits the delay to be within a deterministic bound, was considered in [18] to support delay-sensitive services, such as voice over IP and video conferencing. However, for fading channels, the deterministic delay assurance either is impractical or leads to high energy consumption due to the random nature of wireless channels. Therefore, average delay and delay-outage constraints become suitable performance metrics to ensure the QoS for non-real-time and real-time applications of wireless systems, respectively [19] , [20] .
Energy efficiency under delay constraints has been extensively studied in the literature [21] - [23] . Considering a hard delay constraint, Zafer and Modiano [21] designed an optimal power rate-control policy to minimize the energy consumption under a Markov channel model. In the presence of an average delay constraint for a single user channel, an optimal packet scheduling algorithm was developed in [22] to minimize the average transmission power. An energyefficient power allocation strategy was proposed in [23] , where a target delay-outage probability is tolerated. However, these works have only investigated delay-constrained energyefficient transmission for conventional on-demand communication systems without taking content pushing into account. To the best of our knowledge, the efficient utilization of energy for push-based networks jointly considering the foregoing three aspects, i.e., energy consumption in the content placement [16] and delivery [15] as well as delay QoS constraints, has not been fully examined.
In contrast to previous works, in this paper we are interested in a proactive pushing system, in which a cache-enabled user asks for a content file after a random request delay from when it is generated. In Rayleigh fading channels, two different delay constraints are considered for QoS assurance, namely average delay and delay-outage constraints. For this push-based system, we refer to the Rayleigh fading channels with average delay constraint and delay-outage constraint as Fading-p 1 and Fading-p 2 channels, respectively. To minimize the average energy consumption of the considered system, we propose optimal strategies that allocate transmission power in content pushing and on-demand delivery stages, for Fading-p 1 and Fading-p 2 channels. More specifically, in the Fading-p 1 channel, the energy consumption minimization problem is formulated under the average delay constraint. The optimization problem is difficult to handle owing to the nonconvexity of the objective function. To obtain the optimal power allocation with low complexity, we iteratively solve it by jointly using the techniques of fractional programming, alternating optimization, and difference of convex functions (DC) programming. When the transmission is over the Fading-p 2 channel, the resulting energy consumption problem is also nonconvex and its constraint is semi-analytic. To find the optimal solution, we convert the primal problem into an equality constraint counterpart, which is solvable by a one-dimensional exhaustive search. Furthermore, we derive user request probability thresholds, below which a content file should not be pushed for energy-saving, in Fading-p 1 and Fading-p 2 channels. Numerical results demonstrate that the proposed power allocation policies can greatly improve the energy efficiency of the push-base system as the content request probability increases, compared with the corresponding on-demand schemes.
Notation: Throughout the paper, E[·] denotes the expectation. ∇ is the gradient operator. 1{·} is an indicator function. sign(z) is 1 if z ≥ 0 and −1 if z < 0. · denotes the floor function. denotes equality by definition. The remainder of this paper is organized as follows.
Section II describes the system model and formulates energy consumption minimization problems subject to delay constraints. Fading-p 1 channel with average delay constraint and Fading-p 2 channel with delay-outage constraint are investigated in Sections III and IV, respectively. Numerical results are provided in Section V and conclusions are drawn in Section VI.
II. SYSTEM MODEL AND PROBLEM FORMULATION
Consider a downlink transmission from a Base Station (BS) to a user, as shown in Fig. 1 , where each node is equipped with a single antenna. The BS generates a content file consisting of B nats at t = 0, 1 and pushes it to the user via a wireless link. Then the cache-enabled user can store the pushed content in its local buffer. The content transmission period of the system is divided into time slots each with duration of T .
The user asks for the content file with probability α (0 < α ≤ 1). 2 With probability 1−α, the pushed content will never be required by the user. The user asks for the content file after a random delay from t = 0. The content request delay is FIGURE 1. Content pushing model: (a) the user asks for the content file shortly after its generation; (b) the user requests the content file after t max or never wants to ask for it.
denoted by a nonnegative random variable X with probability density function (p.d.f .) f X (x), where x is the realization of X .
In contrast to conventional communication systems, where the BS transmits a content file to the user only when it is requested, the considered system is capable of pushing the content file to the user before the actual demand. Consequently, the overall content transmission consists of two stages: a pushing stage before the user request and a delivery stage after the user request.
In the pushing stage, the BS transmits the content file to the user with a power P 1 . Denote the maximum pushing time of the content file of size B nats by t max . 3 If the content request arrives after the time point t max (i.e., x > t max ) or there is no user demand for the content file, the BS can finish the pushing of this content file earlier than when it is requested. The user therefore can access the desired content locally. For this case, there is no content transmission in the delivery stage. Otherwise, the BS performs the transmission of the delivery stage from the beginning of the next time slot after the arrival of the user request. For instance, if the BS receives the user request at the kth time slot, i.e., the time interval [kT , (k + 1)T ), the content transmission of the delivery stage will be launched at time (k + 1)T .
Let us define integer-valued random variables L and D to denote the number of time slots consumed in the pushing and delivery stages, respectively. The probability mass functions 
A. CHANNEL MODEL
In the context of a wireless communication environment, we consider a block fading channel, where the wireless channel remains constant over each time slot and varies independently among different time slots. Let h k denote the channel gain of the kth time slot. Furthermore, we consider Rayleigh fading for the wireless channel, thus |h k | 2 is an exponentially distributed random variable with unit mean.
For the user served by the BS, the received data rate at the kth time slot can be expressed as
where W is the channel bandwidth of the BS, σ 2 denotes power of additive white Gaussian noise, and
B. DELAY CONSTRAINT MODEL
To incorporate QoS assurance, average delay and delayoutage probability constraint models are separately considered to evaluate the proposed system comprehensively. For the considered system, in which the content file is pushed prior to the actual demand, the user needs to wait only if the required content is not found in the local storage. Therefore, the time duration consumed in the delivery stage can serve as the metric of delay of the considered system. For the Rayleigh fading channel with single input single output (SISO) transmission, the average power for channel inversion is infinite [24] . In other words, satisfying a deterministic delay is impossible for transmission over Rayleigh fading channels. Therefore, we consider alternative solutions by providing average delay and delay-outage probability guarantees.
The average delay constraint, which limits the average user waiting time during the delivery stage, can be expressed as
where τ a is an upper bound on the average delay. On the other hand, according to the definition of the delay-outage in [23] , the constraint on the probability that the user waiting time exceeds a given threshold can be written as
where τ o denotes a maximum delay bound and 0 < ≤ 1 is the tolerable delay-outage probability. Clearly, large and small values of τ a or stand for loose and stringent QoS requirements, respectively.
C. PROBLEM FORMULATION
For the proposed system, our objective is to minimize the average energy consumption through optimizing the transmit power P 1 and P 2 , while considering different delay constraints in the content delivery stage. More specifically, we consider average delay and delay-outage probability constraints separately for the transmission over the Rayleigh fading channel. As noted above, these two cases are referred to as Fading-p 1 and Fading-p 2 channels, respectively. The unified energy consumption minimization problem for the two cases, the objective functions and constraints of which are summarized in Table 1 , can be formulated as
where C 1 and C 2 denote the delay and power constraints, and E represents the average energy consumption in the Rayleigh channel.
In the following sections, the above-mentioned energy efficiency optimization (EE-opt) problems will be separately investigated in detail for these two types of delay constraints.
III. FADING-p 1 CHANNEL WITH AVERAGE DELAY CONSTRAINT
In this section, unified expressions for the average delay and energy consumption are derived for the Fading-p 1 channel. The EE-opt problem of Fading-p 1 is solved by the combination of fractional programming, alternating optimization and DC programming. Finally, we present a necessary condition for the pushing threshold of the Fading-p 1 channel.
A. AVERAGE DELAY OF THE FADING-p 1 CHANNEL
To calculate the energy consumption in the Fading-p 1 channel, we need to obtain the delay in the content delivery stage. In the Fading-p 1 channel, the average delay constraint is considered for QoS assurance since satisfying a hard delay is infeasible. In other words, if a content file is requested when it is pushed, the rest of this content file must be transmitted to the user within a given average delay. For the considered system, the average delay is given in the following theorem.
Theorem 1: For given transmit powers P 1 and P 2 , the average delay of the Fading-p 1 channel is given by
where R p (P 1 ) = We
and E 1 (·) is the exponential integral function defined as
Proof: The main idea of the proof is sketched as follows.
We first obtain the average transmission time consumed in the pushing stage. Then, we utilize the moment generating function (MGF) to derive the expression for average delay. If the content file is being pushed when requested, the p.m.f . of the number of time slots consumed in the pushing stage is given by
However, the BS may have finished the transmission of this content file when the user asks for it. Once completing the content pushing, the BS goes into sleep mode. Thus, the pushing time is upper bounded by t max , which can be expressed as
if the fading channel is ergodic. We then obtain the average number of transmission time slots of the pushing stage,
Note that if the user request arrives earlier than t max , a part of the desired content file of size B nats has been successfully transmitted to the user during the pushing stage. To serve the user demand for the content item, the BS enters into the content delivery stage. Therefore, the total size of the content file transmitted in the two stages must satisfy the following
It can be seen from Eq. (8) that for a given p L (l), the derivation of p D (d) is difficult and intractable. Fortunately, the MGFs can be used to derive the average delay. Denote the MGF of the sum rate min L,
Specifically, we can utilize φ(s) to obtain E [D] . According to the definition of MGF in [25] , we get
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Taking the first-order derivative of Eq. (9) with respect to s, we have
Substituting s = 0 into Eq. (10), we have
The relation between E[D] and φ(s) is revealed.
In order to derive a unified expression for E[D], we should obtain an explicit expression for φ(s). Using Eq. (8), we can rewrite the MGF φ(s) as
Let
. On substituting Eq. (12) into Eq. (11) we have
When Eqs. (5), (6), and (7) are substituted into Eq. (13), we obtain Eq. (4).
B. AVERAGE ENERGY CONSUMPTION IN THE FADING-p 1 CHANNEL
The overall transmission energy consumption of the BS includes the energy consumption before the content request and energy consumption after the user request. Based on the content request probability, we give the average energy consumption in the fading channel in the following theorem. Theorem 2: For given transmit powers P 1 and P 2 , the average energy consumed in a Fading-p 1 channel is given by (14) where
Proof: The average energy consumption for the proposed system is given by considering two cases, i.e., when the pushed content is required, and when it is never requested by the user. For the former case, the average energy consumption for the two-stage transmission is
For the latter case, the BS keeps operating at the pushing stage until the end of the content transmission. Thus, the number of time slots consumed for pushing the content file of size B nats can be written as
According to [26] , it can easily be shown that L is a stopping time. Since the elements of {R k (P 1 ) : k ∈ Z} are independent and identically distributed, we can obtain from Wald's equation that
The average number of pushing time slots without user request is therefore given by E[L] = B R p (P 1 )T . Clearly, the average energy consumed in this case is
Based on probabilistic content request, the average energy consumption for the considered system can be expressed as
Substituting Eqs. (4) and (7) into Eq. (17), we obtain Eq. (14).
By using Eqs. (4) and (14) as well as applying the variable changes P 1 = e q 1 and P 2 = e q 2 , the EE-opt problem of Fading-p 1 can be explicitly expressed as
where δ > 0 is sufficiently small for ensuring the continuity of the function in Eq. (14) at e q 1 = 0 or e q 2 = 0. Thus, the optimal power allocation of Fading-p 1 can be obtained by solving the EE-opt problem (18) . In what follows, the techniques of fractional programming, alternating optimization, and DC programming will be applied to solve the EE-opt problem of Fading-p 1 step by step.
1) TRANSFORMATION OF THE OBJECTIVE FUNCTION
The energy consumption function in (18a) bears the form of the difference of nonlinear fractions, which is in general nonconvex. Fortunately, the objective function is amendable to nonlinear fractional programming, which has been developed in [27] . Let us denote the optimal solution, the minimum energy consumption, and the feasible set of the EE-opt problem (18) by (q * 1 , q * 2 ), β * , and S, respectively. According to (18a), β * can be written as
where H (q 1 , q 2 ) and G(q 1 , q 2 ) are, respectively, defined as
Then, we introduce the following theorem for the EE-opt problem (18) .
The optimal solution (q * 1 , q * 2 ) achieves the minimum energy consumption if and only if
for H (q 1 , q 2 ) ≥ 0 and G(q 1 , q 2 ) > 0.
Proof: Please refer to [27] and [28] . According to Theorem 3, the EE-opt problem (18) can be equivalently transformed into a parametric programming problem with parameter β. That is,
Therefore, the parametric Dinkelbach method can be adopted to find the optimal power allocation of the problem (23) . Based on Dinkelbach's technique [27] , the optimal solution to the above problem can be obtained by iteratively solving
where q
is the solution associated with β (j) at the jth iteration. Then, β (j+1) can be calculated from
The whole procedure of fractional programming is summarized in Algorithm 1. For the parametric problem (23), the iterative algorithm generates a decreasing sequence β (j) ∞ j=0 , which converges to β * with a superlinear convergence rate. The detailed convergence analysis for this algorithm can be found in [29] . With the derived solution (q * 1 , q * 2 ) of the problem (23), the optimal power allocation of Fading-p 1 can be obtained as e q * 1 , e q * 2 .
2) ALTERNATING OPTIMIZATION
It can be seen that the key to finding the optimal power allocation lies in solving the problem (24), which is still intractable, since both the objective function and the constraint are jointly nonconvex functions with respect to (q 1 , q 2 ). However, we find that the terms in the objective function of the problem (24) have the property of biconvexity [30] . As a result, the technique of alternating optimization can be applied to make the problem (24) tractable [31] , [32] .
Algorithm 1 Fractional Programming Algorithm
Input: β (0) ; Output: β * , q * 1 , q * 2 ; 1: Initialize j = 0, the maximum number of iterations J max , and the tolerance ε > 0; 2: repeat 3: For the given β (j) , q
is obtained as per (24) (Alternating optimization); 4: Compute β (j+1) as per Eq. (25); 5: Set j := j + 1; 6: until H q
We now rewrite the objective function of the problem (24) as
where
The biconvexity of U 1 and U 2 is shown in the following proposition.
Algorithm 2 Alternating Optimization Algorithm
Input: q 
Proposition 1: With a fixed q 2 , U 1 (q 1 , q 2 ) and U 2 (q 1 , q 2 ) are convex functions of q 1 . For a given q 1 , U 1 (q 1 , q 2 ) and U 2 (q 1 , q 2 ) are convex in q 2 .
Proof: Our proof starts with the observation that
is convex in q 1 . Because it is the nonnegative weighted sum of log-sum-exp functions [33] . According to the composition rule for convex functions, R 2 p (e q 1 ) is also a convex function of q 1 . We proceed to show the convexity of e q 1 R p (e q 1 ). To show this, we need to show that ϕ(y) = y ln(1+cy) (c, y > 0) is convex in y. Taking the second-order derivative of ϕ(y) gives
By letting c = |h k | 2 σ 2 and using the composition rule, we conclude that e q 1 R p (e q 1 ) is convex in q 1 . With a fixed q 2 , U 1 (q 1 , q 2 ) and U 2 (q 1 , q 2 ) are nonnegative weighted sums of convex functions in q 1 . As a result, the convexity of U 1 (q 1 , q 2 ) and U 2 (q 1 , q 2 ) in q 1 with q 2 fixed is proved. Similarly, for a given q 1 , U 1 (q 1 , q 2 ) and U 2 (q 1 , q 2 ) are convex functions of q 2 . This completes the proof.
Based on Proposition 1, we see that if either q 1 or q 2 is given, the objective function U (q 1 , q 2 ) becomes a DC function [34] , which is solvable by DC programming. In other words, by using alternating optimization, the problem (24) can be iteratively solved. The main idea of alternating optimization is to optimize either q 1 or q 2 at each step while fixing the other variable. Specifically, we can obtain the solution to the problem (24) by alternatively solving the following two subproblems:
For a given q (η) 2 , the lower-level programming subproblem optimizing q 1 can be expressed as
where η is the iterative index of the alternating optimization, q
is the optimal solution to the problem (28), and S q 1 denotes the feasible set with a fixed q (η) 2 . The upper-level programming subproblem is to optimize q 2 with q (η+1) 1 obtained in (28) . That is,
where q (η+1) 2 is the optimal solution to the problem (29) and S q 2 denotes the feasible set for given q (η+1) 1 . The overall procedure of alternating optimization for the problem (24) is illustrated in Algorithm 2. The convergence of this algorithm is assured by the following theorem.
Theorem 4: The sequence U q
by Algorithm 2 is monotonically decreasing and nonnegative. Proof: Consider the ηth iteration of alternating optimization. Since q
is the optimal solution of the subproblem (28), we have
For the subproblem (29), we continue in a similar fashion yielding
2 .
Combing Eq. (30) with Eq. (31), we get
The proof is complete.
Algorithm 3 CCCP for Subproblems (28) and (29)
Input: q For q 1(θ ) or q 2(θ) , obtain q 1(θ+1) or q 2(θ +1) by solving (33) (or (34)) (Convex programming); 4: Set θ := θ + 1;
= q 2(θ ) .
3) DC SUBPROBLEMS
By converting the objective function and applying alternating optimization, the EE-opt problem (18) can be reduced to solving a series of the subproblems (28) and (29) . From Proposition 1, it can be seen that the two subproblems satisfy the DC structure, which can be effectively solved by DC programming that adopts the concave-convex procedure (CCCP) [35] , [36] .
By applying the first-order Taylor approximation to the objective function and DC constraint [34] , [37] , the subproblem (28) can be transformed to solving a sequence of convex programming problems
where θ is the iteration index of DC programming, q 1(θ ) is the optimal solution at the (θ − 1)th iteration, and
and ∇R p (e q 1(θ ) ) denote the gradients of
and R p (e q 1 ) at q 1(θ) , respectively. Similarly, at each iteration, we solve the subproblem (29) by the following convex program:
where R −1 o (·) denotes the inverse function of R o (z) and
, q 2 at q 2(θ) . Then, the optimal solutions to the subproblems (33) and (34) can be found by well developed convex optimization algorithms [33] , such as interior-point or gradient methods. The procedure of DC programming for the subproblems (28) and (29) 
where the first inequality follows from the convexity of U 2 (q 1 ), that is,
and the second inequality is derived from the fact that the optimal solution of (33) is q 1(θ+1) , yielding
A similar statement can be applied for U q
, q 2(θ) . Thus, the proof is complete.
D. NECESSARY CONDITION FOR THE PUSHING THRESHOLD OF FADING-p 1
From Eq. (18a), we find that if a content file is requested with low probability, pushing it before the user request may reduce the energy efficiency of the considered system. To achieve an average delay-constrained energy-saving transmission over the Fading-p 1 channel, a necessary condition for the pushing threshold is presented by the following theorem.
Theorem 6: When the content request probability α ≤
, the optimal strategy in the Fading-p 1 channel for this content file reduces to the on-demand scheme.
Proof: The main idea of our proof is to consider the average energy consumption in two extreme cases. When the average content request delay tends to infinity, the pushing time of a content file is sufficiently long. Hence, the transmission of the content file can be finished before being required.
By inserting P 2 = 0 into Eq. (17), we arrive at E = BP 1 R p (P 1 ) (P 1 > 0). Since the minimum of BP 1 R p (P 1 ) with P 1 > 0 occurs when P 1 tends to zero [24] , it follows that lim
The optimal average energy consumption takes the value from the minimum of We now turn to another extreme case in which the average content request delay approaches zero. For this case, P 1 tends to zero. The average energy consumption thus approaches
. By comparing with the optimal average energy consumption of these two cases, the non-pushing probability threshold under the average delay constraint is derived.
IV. FADING-p 2 CHANNEL WITH DELAY-OUTAGE CONSTRAINT
In this section, a unified expression for the delay-outage probability is derived by applying the method of saddle point approximation. Under the delay-outage constraint, the optimal power allocation of Fading-p 2 is investigated for minimizing the average energy consumed for transmission. Then, a necessary condition of the pushing threshold in the Fading-p 2 channel is shown for the delay-outage-constrained communication.
A. DELAY-OUTAGE PROBABILITY OF THE FADING-p 2 CHANNEL
The main difference between the Fading-p 1 and Fading-p 2 channels is the delay constraint. In order to deal with delayoutage probability constraint C 1 , we need to study the tail distribution of D. However, such analysis is very cumbersome since the p.m.f . of D appears to be intractable. Therefore, we turn to the saddle point approximation method to obtain an accurate approximation of the delay-outage probability, which is presented in the following theorem. The accuracy and validity of this approximation can be found in [38] and [39] .
Theorem 7: For given transmit powers P 1 and P 2 , the probability that the delay exceeds a given threshold τ o is approximately given by 4 Pr
, the parameter s * satisfies Eq. (36), 5 shown at the top of the next page. K (s * , P 1 , P 2 ) and ∇ 2 K (s * , P 1 , P 2 ) are given in Eqs. (37) and (38) , shown at the top of the next page. In Eqs. (36)- (38), 4 Without loss of generality, we assume that the maximum delay bound
5 It should be noted that if s * = 0, we can simply approximate the outage probability by introducing a sufficiently small real number δ for the saddle point equation. That is, we obtain the nonzero s * by solving ∇K (s * , P 1 , P 2 ) = δ. VOLUME 5, 2017
(ν, z) = ∞ z e −u u ν−1 du is the upper incomplete gamma function and
The technique of saddle point approximation is applied in this proof. By recalling the definition of the delayoutage probability, it can be equivalently expressed as
The MGF of R k (P k ) is given by
Since the elements of {R k (P k ) : k ∈ Z} are independent, the cumulant generating function of Y is given by
By substituting Eq. (40) into Eq. (41), Eq. (37) is obtained. Because K (s, P 1 , P 2 ) is convex in s, s * is the unique solution of the following saddle point equation:
We further obtain Eqs. (36) and (38) by calculating the first-and second-order derivatives of K (s * , P 1 , P 2 ) with respect to s. By using the Lugannani-Rice formula in [40] , the delay-outage probability can then be approximated as Eq. (35).
B. OPTIMAL POWER ALLOCATION IN THE FADING-p 2 CHANNEL
The average energy consumption in the Fading-p 2 channel is identical to that in the Fading-p 1 channel. Our target is to minimize the average transmission energy consumption given in Eq. (14) under the delay-outage probability constraint, which distinguishes the Fading-p 2 channel from the Fadingp 1 channel. For given P 1 and P 2 , the optimal power allocation of Fading-p 2 can be found by solving the EE-opt problem with delay-outage constraint. Before investigating this, we describe an attractive property of the EE-opt problem of Fading-p 2 in the following theorem. Theorem 8: For the EE-opt problem of Fading-p 2 , the optimal power allocation is achieved when the delay-outage probability constraint C 1 is satisfied with equality. The EE-opt problem of Fading-p 2 is equivalent to
where δ > 0 is sufficiently small to ensure the continuity of the function in Eq. (14) at P 1 = 0 or P 2 = 0, and Q is the solution of the following equations:
Proof: Our proof begins by showing that the optimum of the EE-opt problem for Fading-p 2 occurs when the delayoutage constraint C 1 becomes an equality. It can easily be seen from Eq. (39) that the delay-outage probability is a decreasing function of P 2 . We then focus on the objective function in (43a). Let ψ(P 2 ) = P 2 R o (P 2 )+δ . Taking the firstorder derivative of ψ ( P 2 ), we have
It can be concluded that the objective function E given in Eq. (43a) increases with P 2 . It follows that for fixed P 1 , a smaller P 2 can lead to smaller E but larger Pr D ≥
< holds, E always can be improved by further decreasing P 2 without violating the constraint . This suggests that the optimal solution can be obtained when the equality holds.
We now turn to the constraint (43c). To give the upper bounds on P 1 and P 2 , we first consider the optimal transmit power Q of the conventional communication systems based on the request-response mode. Substituting P 1 = 0 into Eqs. (36)- (38), we see that Q should obey the simultaneous equations in Eq. (44). In the sequel, we use proof by contradiction to show that Q is an upper bound on P 1 and P 2 . Suppose that P 1 > Q. This implies that the transmission duration of a content file is shorter than the non-pushing case where P 1 = 0, thereby consuming more energy. This leads to a contradiction with the optimality of the energy consumption. A similar statement applies for the upper bound on P 2 .
Note that the problem (43) is nonconvex and the constraints in (43b) and (43c) are semi-analytic. Thanks to the low dimension of the problem (43) and the bounded constraints, a possible method for solving this nonconvex optimization problem is exhaustive search, which can give us the optimal power allocation under a delay-outage constraint. By exploiting the structure of the equality constraint, the search can be further reduced to one dimension, leading to a reduction in computational complexity.
C. NECESSARY CONDITION FOR THE PUSHING THRESHOLD OF FADING-p 2
From the derived expression for the average energy consumption in the fading channel, we see that pushing a content file with low popularity may induce higher energy consumption of the considered system than that of an on-demand communication system. To make efficient use of energy, in the following theorem we derive a necessary condition for the pushing threshold under the delay-outage constraint.
Theorem 9: When the content request probability α ≤
WQ , where Q satisfies Eq. (44), the optimal strategy in the Fading-p 2 channel for this content file becomes the on-demand scheme. Proof: Our proof is given by focusing on the average energy consumption of two special cases. We first analyze the case in which the average content request delay tends to zero. The resulting average energy consumption approaches αBQ R o (Q) . We are now in a position to consider the second case in which the average content request delay tends to infinity. By applying analysis similar to that used in the proof of Theorem 6, we obtain that the optimal average energy consumption for this case is min
. Comparison of the average energy consumption on these two cases gives us the non-pushing content request probability threshold.
V. NUMERICAL RESULTS
In this section, numerical results are presented to validate the performance of the proposed system, compared with the baseline scheme in which the BS transmits the content file only after a user request (i.e., an on-demand system). In the simulation, we set the content size B = 120Mnat, the duration of the time slot T = 10ms, and the channel bandwidth W = 1MHz. Without loss of generality, we set the noise power σ 2 = 1. To incorporate the delay-outage probability constraint, we set the maximum delay bound τ o = 120s. Furthermore, we assume that the content request delay X obeys an exponential distribution with parameter λ (λ > 0), 6 i.e., f X (x) ∼ Exp(λ). Unless otherwise specified, these simulation settings are adopted by default.
A. FADING-p 1 CHANNEL WITH AVERAGE DELAY CONSTRAINT Fig. 2 presents the average energy consumption E versus the content request delay parameter λ, where the average 6 It should be noted that a content file is randomly requested by a user at any time point after being generated, and if the user needs a content file, he or she is more likely to access the content item shortly after its generation. Thus, it is reasonable to approximate the actual distribution of the content request delay by the exponential distribution. delay constraint τ a is set to τ a = 120s. It can be seen that the simulation results match well with Theorem 6 and their corresponding theoretical results (the line marked with circles or squares). When the content request probability α meets the condition in Theorem 6 (e.g., α = 0.4), this content file will not be pushed before the user request. In this case, the proposed system reduces to the on-demand mode. For a content file with moderately high popularity, the average energy consumption of the proposed system approaches that of the on-demand scheme with increasing λ. This is because the larger the parameter λ is, the less time can be used to push the content file. When λ tends to zero, the average energy consumption approaches Bσ 2 W . Fig. 3 shows the average energy consumption E versus the content request probability α, where the average delay constraint τ a is set to τ a = 120s. With an increase in α, the average energy consumption of the proposed system first increases linearly, and then experiences small fluctuations. This is because a content file with low request probability will not be pushed before it is required, i.e., the proposed system operates in the request-response mode. After the content request probability α exceeds a certain threshold, pushing the content file is more energy-saving than the baseline. This suggests that the simulation curve also can provide a policy for the BS to decide on whether to push or not, according to the popularity of the content file and the statistical characteristic of the content request delay. When α = 0.9, the average energy consumption of the proposed system is lower than that of the baseline by 42% at λ = −30dB (i.e., 10 −3 ).
In Fig. 4 , we illustrate the impact of the average delay constraint τ a on the transmission energy consumption E, where the content request delay parameter λ is set to λ = 10 −3 . It can be seen from the simulation that more energy is saved when the proposed system is adopted. As τ a increases, the gap between the proposed and baseline schemes decreases. The reason for this phenomenon is that pushing the content file may cause wasted energy if the user never asks for it, while the average delay requirement becomes looser for achieving energy-efficient on-demand transmission. When a stricter average delay is imposed on the content delivery, pushing it may save more energy due to the extended transmission time duration, especially when the content file has high popularity.
B. FADING-p 2 CHANNEL WITH DELAY-OUTAGE CONSTRAINT Fig. 5 presents the average energy consumption E versus the content request delay parameter λ, where the delay-outage probability is set to = 0.1. Again, the theoretical results and Theorem 9 are consistent with their corresponding simulation results. If λ approaches zero, the average energy consumption tends to Bσ 2 W . As α increases, the average energy consumption of the proposed system gradually tends to that of the on-demand scheme when the popularity of the content file is relatively high (e.g., α = 0.8). If the content request probability α satisfies the condition in Theorem 9 FIGURE 6. Average energy consumption versus content request probability α. (e.g., α = 0.4), the optimal policy is to transmit this content file only on demand. This is because a content file with lower popularity is more likely to result in wasted energy if the BS pushes it. Fig. 6 depicts the average energy consumption E versus the content request probability α, where the delay-outage probability constraint is set to = 0.1. It can be seen from the simulation that when the request probability of a content file α is smaller than the threshold given in Theorem 9 (i.e., 0.432), the BS always delivers the content file after the user request regardless of λ. As α increases, pushing the content file becomes more energy-saving than the on-demand scheme. For λ = −30dB (i.e., 10 −3 ), the average energy consumption of the proposed scheme decreases by 33.6% compared with that of the baseline when α = 0.9. Also, the average energy consumption in Fig. 6 is higher than that in Fig. 3 . This is due to the fact that for = 0.1, the delay-outage probability constraint is stricter than the average delay constraint. In other words, the optimal power allocation VOLUME 5, 2017 obtained under the delay-outage probability constraint (i.e., = 0.1) can achieve an average delay that is less than 120s. Fig. 7 shows the average energy consumption E versus the maximum delay bound τ o for two values of the target delayoutage probability, where the content request probability α is set to α = 0.8. For given , the average energy consumption of the proposed system decreases as τ o increases. The decrement is more significant for small τ o and . This is because the delay-outage probability increases sharply with decreasing τ o , and thus the energy consumption needs to increase rapidly to meet the target outage probability constraint. Meanwhile, for = 0.01, the performance gap between the proposed and baseline schemes decreases with increasing τ o . The same interpretation as for Fig. 3 applies.
VI. CONCLUSION
In this paper, we have investigated the average energy consumption of a push-based system, in which a user asks for a content file after a random delay from its generation. To incorporate QoS guarantees, two delay constraints are considered separately, i.e., average delay and delay-outage probability constraints. It has been noted that when the user never needs the pushed content, the transmission energy consumption will be wasted. To reduce the wasted energy for pushing, we have designed optimal policies that allocate transmission power in the content pushing and on-demand delivery stages, for two different channels, namely Fading-p 1 and Fading-p 2 channels. In the Fading-p 1 channel, where the average delay constraint is considered in the Rayleigh channel, we have solved the energy consumption minimization problem by jointly applying fractional programming, alternating optimization, and DC programming. For the Fadingp 2 channel, where the delay-outage probability is constrained in the Rayleigh channel, we have transformed the energy efficiency optimization problem into a bounded equality constraint counterpart, which has been solved by a onedimensional exhaustive search. We also have derived the user request probability thresholds, below which a content file should not be pushed, in both the Fading-p 1 and Fading-p 2 channels. Numerical results have further indicated that the optimal power allocation strategies significantly improve the energy efficiency of the considered system with increasing content request probability, compared with the corresponding on-demand scheme.
